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ABSTRACT
The objectives of the research were to 1) to design and develop an artificial neural network
for forecasting agricultural debt 2) to disseminate the knowledge gained from the research to
farmers to plan household spending and 3) To assess the satisfaction of knowledge received by
farmers and to apply them to benefit. The theory of Neural Networks was applied to predict the
debt of household accounting. The 36,500 information copies were collected from 100 farmers for
one year. The data sets consisted of 17 factors included net income, saving before spending money,

other expenses, food bill, accommodation cost, water and electricity bill, clothing cost, vehicle
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cost, cost of medicine |, lottery fee, gambling cost, liquor cost, cigarette cost, debt, interest cost,
travel expenses, and making merit pay.

The number of neural network was arranged in the form of Feed-Forward Neural Network
in average accuracy with 99.1537%, and the error of classification was 0.8463%. According to the
research findings, the forecasting was shown at a high level. The result was created new knowledge
and could be published to apply for the farmers. The assessment of satisfaction of forecasting
model was rated at the highest level (X = 4.54, S.D.= 0.35) as a whole. Considering each aspect, it
was shown that the forecasting model could be applied for decision making which was rated at
the highest level (X =4.68, S.D. =0.56).

Keywords: Debt, Household bookkeeping, Forecast analysis, Neural network
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